Introduction
We develop a nonlinear non-Gaussian modeling framework for analyzing the relationship between government bond yields and monetary policy measures during possibly turbulent times such as a financial or sovereign debt crisis. For this purpose we generalize the yield curve model with macro-economic variables of Diebold, Rudebusch & Aruoba (2006) by introducing stochastic volatility and non-Gaussian interaction variables. To estimate the parameters of the resulting non-Gaussian dynamic factor model we propose a simulation based estimation method that is based on a novel implementation of the importance sampling technique that accounts for mean and variance effects separately. We adopt the model to empirically investigate the joint dynamics of euro area yield data and monetary policy measures as conducted by the European Central Bank (ECB) during 2004-2012. Our starting point for modeling the government bond yields is the dynamic Nelson-Siegel (DNS) model; see Nelson & Siegel (1987) and Diebold & Rudebusch (2012) . The DNS model describes the term structure of the yields by three common dynamic factors that are labeled level, slope and curvature. The model is typically able to explain a large part of the variance that is observed in the government bond yields and has good forecasting properties; see Diebold & Li (2006) .
We are interested in studying the interaction between the level, slope and curvature factors of the term structure model and monetary policy measurements. We model the observations that are related to the monetary policy by appropriate non-Gaussian densities that are defined conditional on a set of latent dynamic factors. For example, we model the euro area EONIA interbank lending rate by the log-normal density to accommodate the property that it can be close to zero for an extended period of time but does not go negative during our sample period. Also, direct interventions in bond markets, such as those conducted within the ECB's Securities Markets Programme (SMP) during 2010-12, are modeled by the Poisson distribution. The latent term structure and monetary policy factors are jointly modeled by a vector autoregressive process. The joint model allows us to conduct inference regarding the contemporaneous and medium term interactions between the monetary policy measures and the yield curve.
During the recent financial and sovereign-debt crisis (2008) (2009) (2010) (2011) (2012) in Europe sovereign bond yields of several euro area countries fluctuated heavily. Countries for which we observe these features are Italy and Spain, and to a lesser extend also for Germany and France. To capture the deviations from the standard normal distribution for the yields we extend the DNS model by allowing for heavy tailed errors and time-varying variances. In particular, we specify the error term of the observation equation of the DNS model by the multivariate Student's t distribution where the variance matrix is driven by a common dynamic factor.
The common factor structure is specified in a similar way as in Jungbacker & Koopman (2006) and Carriero, Clark & Marcellino (2013) , who both consider Gaussian models. The resulting joint model is non-Gaussian with time-varying factor structures for both the mean and the variance.
Parameter estimation is non-trivial for the joint model. The non-Gaussian densities for the yields and the monetary policy variables in combination with the latent stochastic factor structures prohibit closed form solutions for the likelihood. Instead, we express the likelihood as a high dimensional integral and develop a novel implementation of the importance sampling technique for its evaluation. In particular, we draw M samples for the latent volatility process from an appropriate importance density. For each sampled volatility path we construct an importance density to integrate out the latent term structure and monetary policy factors. The importance densities for the mean factors are thus conditional on the sampled volatility paths. The construction of the importance densities is adopted from Shephard & Pitt (1997) , Durbin & Koopman (1997) and Jungbacker & Koopman (2007) .
The conditional importance sampling approach is stable and satisfies standard convergence criteria as formulated by Geweke (1989) .
We propose extensions in four directions of research. First, we allow for non-Gaussian densities for the monetary policy variables that interact with the yield curve. Linear specifications for incorporating macroeconomic and monetary policy variables in term structure models have been considered in Ang & Piazzesi (2003) , Dewachter & Lyrio (2006) , , Hordahl, Tristani & Vestin (2006) , Rudebusch & Wu (2008) , Ludvigson & Ng (2009) and Koopman & van der Wel (2013) . Second, we extend the dynamic Nelson Siegel model to allow for time-varying variances and heavy-tailed errors; see also Diebold & Li (2006) , , Diebold, Li & Yue (2008) , Koopman, Mallee & van der Wel (2010) , Christensen, Diebold & Rudebusch (2011 ), Cakmakli (2011 and Diebold & Rudebusch (2012) . Third, we provide a Monte Carlo maximum likelihood method for the estimation of parameters for non-Gaussian models with dynamic factor structures for both the mean and the variance. From a Bayesian perspective, estimation methods for these types of models have been considered in Chib, Nardari & Shephard (2006) , Lopes & Car-valho (2007) and Chib, Omori & Asai (2009) . Fourth, by result, we provide an alternative method for studying the impact of possibly non-standard monetary policy measures on the yield curve. Recently many studies have aimed to quantify the effect of central bank asset purchase programs on the yields; see Krishnamurthy & Vissing-Jorgensen (2011) Eser & Schwaab (2013) . Typically, these studies focus on estimating the contemporaneous effects of asset purchase announcements. Our approach allows for the estimation of both short term and longer term effects, see Wright (2012) .
The general framework is illustrated by analyzing the interaction between the monetary policy of the ECB and the yield curves of four large euro area countries; France, Germany, Italy and Spain. First, we show that during the financial and sovereign debt crises the response of sovereign bond yield curve factors to changes in the EONIA, a euro area overnight interbank lending rate and proxy of the ECB's monetary policy stance, was different (impaired) for at least some countries in the euro area.
This observation provides one rationale for non-standard monetary policy measures. Second, we investigate the role of the ECB's bond market purchases within the SMP. In principle, such asset purchases can impact yields in two interrelated ways. First, outright purchases directly add liquidity and depth to impaired secondary markets. As a result, required liquidity risk premia should fall and prices are supported. In addition, portfolio balance (stock) effects and certain signalling effects may further support prices, see D' Amico & King (2012 ), De Pooter et al. (2013 and Eser & Schwaab (2013) . Second, purchases may also help indirectly in restoring the transmission of the common EONIA interbank rate into government yield curves, see González-Páramo (2011) . For example, purchases may send a signal that the ECB is willing to implement unprecedented policies and is likely to aggressively support solvent but illiquid banks in stressed SMP countries. This contributes towards making private interbank funding at low rates available to such banks. We find that the purchases have a direct temporary effect on the term structure factors. The instantaneous effect on the level factor of both Italy and Spain is negative, while results are mixed for the slope factor.
For Italy the yield reducing effect becomes positive relatively quickly (2 weeks), whilst for Spain the yield reducing effect of the purchases dies out more slowly (10 weeks). We also present limited and relatively more tentative evidence that asset purchases changed the joint dynamics of the interbank lending rate (EONIA) and the term structure factors.
The remainder of the paper is organized as follows. Section 2 formally describes the joint model for the yield curve and the monetary policy. Section 3 develops our Monte Carlo maximum likelihood method for estimating the parameters of the joint model. We present our empirical study for euro area yield curves and monetary policy in Section 4. Section 5 summarizes our findings and discusses some directions for future research.
Statistical model
We consider the dynamic Nelson-Siegel yield curve model that is extended with macroeconomic variables in . We extend their general modeling framework in two directions. First we introduce stochastic volatility processes for the dynamic scaling of the measurement disturbances that may come from heavy tailed distributions. The recent financial crises have shown that constant variance and Gaussian assumptions are not necessary applicable for modeling interest rates and related variables. Second we extend the model with variables that are associated with (non-standard) monetary policy, financial measurement and sovereign-debt crisis variables. The characteristics of these variables are different from the more usual macroeconomic variables. Although linear and Gaussian assumptions can be questioned for macroeconomic variables as well, they are certainly not applicable for many monetary and financial variables. Hence the need for a more general modeling framework. In Section 3 we discuss parameter estimation, signal extraction and and how we account for the non-Gaussian and nonlinear extensions in our model.
The dynamic Nelson-Siegel yield curve model
For a cross section of yields y τ i , where τ i is the maturity of the i th yield, the Nelson & Siegel (1987) model is given by
for i = 1, . . . , N , where β 1 , β 2 , β 3 and λ are the deterministic model parameters and where τ i is the disturbance term. Model (1) provides a parsimonious representation for describing a potentially large cross section of yields with different maturities τ i . The model parameters can be estimated by combining a grid search over λ with ordinary least squares regressions for β 1 , β 2 and β 3 . This model is used up to minor changes on a daily basis at many financial investment agencies and central banks. Diebold & Li (2006) show that the parameters β 1 , β 2 and β 3 , when viewed in a sequence for different consecutive time periods, can be interpreted as latent dynamic factors. In particular, when denoting the yields for time period t by y τ i ,t we obtain the model
for t = 1, . . . , T , where β 1,t , β 2,t and β 3,t are time-varying versions of β 1 , β 2 and β 3 and τ i ,t
is the time t disturbance term that is assumed independent over t. The latent factors β 1,t , β 2,t and β 3,t are referred to as level, slope and curvature. The parameters of model (2) can also be obtained by a grid search over λ in combination with regression estimates for β 1,t , β 2,t and β 3,t . In a second step, the estimated series β 1,t , β 2,t and β 3,t are typically modeled by independent autoregressive processes or a single vector autoregressive process.
A further advancement is presented in who show that the dynamic Nelson-Siegel model (2) can be conveniently expressed in state space form. The measurement equation for y t = (y τ 1 ,t , . . . , y τ N ,t ) is given by
where Λ is the N × 3 loading matrix, f t = (β 1,t , β 2,t , β 3,t ) is the vector of latent dynamic factors and t = ( τ 1 ,t , . . . , τ N ,t ) is the disturbance vector. The disturbance vector is normally distributed with diagonal variance matrix Ω. The structure for the loading matrix Λ is inherited from the Nelson & Siegel (1987) model and is given by
When the term structure factors f t follow a vector autoregressive process of order one the linear state space form is completed. In particular, the transition equation of the state space model is given by
where µ f is the mean vector, Φ is the autoregressive matrix and η t is the disturbance term that is normally distributed with mean zero and variance matrix Σ η . The initial state is assumed normally distributed with mean µ f and variance V , where V satisfies V = ΦV Φ + Σ η . The matrices Φ and Σ η can be fully parameterized or have only diagonal elements different from zero, depending on whether structural analysis or forecasting is the goal. The linear state space form enables the use of the Kalman filter and smoother to compute the predicted, filtered and smoothed estimates for the latent factors f t . The unrestricted parameters in Φ, Σ η , Λ and Ω are estimated by likelihood based methods, where the likelihood is computed from the prediction error decomposition that is provided by the Kalman filter. The Kalman filter based estimation methods provide efficiency gains when compared to the two-step estimation method discussed above.
We refer to the model in equations (3) and (4) 
Stochastic volatility and heavy tailed disturbances
We modify the assumptions for the distribution of the error term in the observation equation First, times of financial crisis typically imply changing levels of volatility and the occurrence of extreme yield changes; see also Koopman et al. (2010) . Sudden and large changes in bond yields can occur, in particular in illiquid markets, when there are unexpected news, for example, about fiscal policy variables, rating downgrades, emergency initiatives, or other political events. Furthermore, even in cases for which there are not many extreme events, heavy tailed error distributions such as the Student's t distribution can greatly improve the accuracy for the factor estimates (see Mesters & Koopman (2014) ) and stabilize importance sampling methods for stochastic volatility (see Koopman, Shephard & Creal (2009) ).
Second, term structure models are typically considered for monthly yield data. During the recent financial crisis some of the monetary policy interventions have been operating and changing on a daily or weekly basis. Studying the impact of these interventions on a lower frequency is difficult as many other shocks also affect the yields. When modeling the yields at higher frequencies, correlation and clustering naturally occurs in the variance of the yields. This type of correlation is typically ignored at the monthly frequency, but becomes hard to ignore at higher frequencies; see the discussion in Diebold & Rudebusch (2012) . In our extended model we explicitly model the time-varying volatility in the error term.
We replace the observation equation for the yields, given in (3), by
where t(0, Σ t , ν) denotes the Student's t density with mean zero, variance matrix Σ t and degrees of freedom ν. Similar as for the mean process Λf t of the yields, we assume a factor structure for the variance process. We follow Carriero et al. (2013) and consider the onefactor structure given by
where w 2 i is the maturity-specific loading for the log variance process h t , which follows an autoregressive process of order one, where µ h is the mean, γ is the autoregressive coefficient and ζ t is the disturbance term with mean zero and variance σ 2 ζ . To identify a rotation of the factor structure we normalize the volatility process h t , such that Var(h t ) = 1, and we restrict w 1 = 1. We assume that the innovations ζ t are independent of the term structure innovations η t . This assumption is in line with the empirical results reported in Andersen & Benzoni (2010) .
The interaction of non-Gaussian variables
The level, slope and curvature factors f t provide an abstract description of the term structure of the yields. In general there is interest in incorporating explanatory variables in the term structure model and studying their interaction with the term structure factors. We are interested in both (i) the effect of the explanatory variables on the term structure factors and (ii) the effect of the term structure factors on the explanatory variables. When the explanatory variables follow a linear time series process we can include them in the term structure model using the methods described in . In particular, let x t denote the m × 1 vector of explanatory variables. We can include x t in the vector autoregressive process for the term structure factors as follows:
where the top left hand blocks of H and Q contain Φ and Σ η , respectively. The off-diagonal elements can be used to study interactions among the term structure factors and the explanatory variables.
In this paper the variables x t are related to monetary policy during crisis times and cannot be argued to follow a linear Gaussian time series model. Therefore we need to modify the approach of . In particular, we model the explanatory variables by non-Gaussian densities that are defined conditional on a set of latent dynamic factors θ t .
We define
where the density p j (·|·) can be different for each j. The factors for the explanatory variables are jointly modeled with the factors for the term structure in
where α t = (f t , θ t ) and the off diagonal blocks of H and Q capture the interaction between the factors θ t and f t . Examples for non-Gaussian monetary policy variables that we consider in the empirical illustration are given below. In principal, a large number of mixed-measurement explanatory variables can be included in our model.
Example 1: Interbank lending rate
The euro overnight index average (EONIA) is a benchmark rate for overnight unsecured interbank loans in the euro area. It is closely related to ECB monetary policy rates and therefore proxy its monetary policy stance. During the recent financial crisis the EONIA interbank rate declined to close to zero. 1 Modeling the interbank lending rate without this non-linearity leads to incorrect inference regarding the effect of interbank rates on the yield curve. Several densities can be considered that are able to incorporate this non-linearity. A convenient choice is the log-normal density, which is able to mimic the observation that the interbank rate has never actually reached zero but has been low for an extended period and cannot become negative. Let x 1,t denote the interbank rate. The conditional log density for
where θ 1,t is the log mean scale parameter and σ is the shape parameter.
Example 2: bond market purchases
A second example of the monetary policy of the ECB are the bond market purchases that were conducted under the Securities Markets Programme. Within this program the ECB bought government bonds at different maturities at different points in time in secondary markets. We model the purchases amount x 2,t by a Poisson distribution with time-varying log intensity θ 2,t . Purchase amounts are non-negative, and zero when the program is inactive.
The conditional log density can be expressed by log p 2 (x 2,t |θ 2,t ) = x 2,t θ 2,t − exp θ 2,t − log x 2,t !.
The empirical section of this paper provides more details for the asset purchase program.
Discussion
A multitude of extensions of this baseline model are possible in principle. First, as an alternative to changing the distribution of t in the measurement equation (3) it would be possible to change the distribution of η t in the state equation (4) Stock & Watson (2007) and Shephard (2013) in the context of univariate inflation models. Third, our joint model could be extended to include correction terms that make it arbitrage free, see Christensen et al. (2011) . Such no-arbitrage restrictions are likely to be satisfied in well-functioning markets during non-crisis times. Fourth, the country-specific yield curves could be combined in a regional model of the euro area, as in the global model of Diebold et al. (2008) . We leave these interesting extensions for future research.
The robust joint model for the term structure and the monetary policy is given by equations (5), (6), (8) and (9). The model parameters are summarized in the vector ψ, which contains the parameters pertaining to the extended dynamic Nelson Siegel model as well as the parameters for the monetary policy model.
Estimation method
While the extensions for the dynamic Nelson Siegel model that we propose in Sections 2.2 and 2.3 are easy to motivate, they do have the consequence that we can no longer use standard Kalman filter methods for parameter estimation and for the extraction of the latent stochastic factors. For example, by changing the Gaussian density to the Student's t density with time-varying volatility in (5) and adding the non-Gaussian monetary policy variables we can no longer express the likelihood in closed form. Therefore, we need to resort to simulation methods for parameter estimation.
Importance sampling
We summarize the observations for the yields and the monetary policy in the vector z = (y , x ) , where y = (y 1 , . . . , y T ) and x = (x 1 , . . . , x T ) . The loglikelihood for observation vector z is defined by (ψ; z) = log p(z; ψ), where p(z; ψ) denotes the joint density of the observations for a given parameter vector ψ. In the remainder of this section we drop the dependence on parameter vector ψ for notational convenience and define log p(z) = log p(z; ψ).
The complete joint density of the endogenous variables is given by p(z, α, h). It follows that we must integrate both h and α from the complete joint density to obtain the marginal likelihood. We approach this problem sequentially starting with the integral over h. In particular, we can the express the marginal density p(z) by
where p(h) is implied by model (6) and p(z|h) is unknown in closed form. More specifically, p(z|α, h) is defined in closed form by the joint model given in Section 2, but the integral over α cannot be evaluated analytically since p(z|α, h) has non-Gaussian features.
The integral in (12) is high dimensional and we use the importance sampling technique (see Ripley (1987) ) to rewrite the integral as
where g 1 (h|z) is the importance density and the second equality follows as we impose g 1 (h) ≡ p(h).
Next, we outline the construction of the importance density g 1 (h|z). In general g 1 (h|z)
should be proportional to p(z, h), easy to sample from and easy to compute. Meeting the first requirement is complicated for the joint model since p(z|h) cannot be expressed in closed form. Our strategy is as follows. We linearize the joint model p(z|h, α) and then integrate out α analytically from the linearized model. Based on this approximating linearized model, which only depends on h, we construct the importance density g 1 (h|z) using the methods developed in Shephard & Pitt (1997) , Durbin & Koopman (1997) and Jungbacker & Koopman (2007) . The details for the construction are given in Appendix A.
After the importance density is constructed we may approximate the integral in (13) by Monte Carlo simulation. In particular, the Monte Carlo approximation for the likelihood is given byp
where the samples h (i) are drawn from g 1 (h|z), for i = 1, . . . , M .
To evaluate the non-Gaussian densities p(z|h (i) ) in (14), for i = 1, . . . , M , we also consider an importance sampling approach. In particular, for each given h (i) we may write
where g 2 (α|z; h (i) ) is the second importance density, which is constructed given z and the sampled volatility path h (i) . The first equality in (15) follows as α and h are considered independent and the third equality follows as we impose g 2 (α) = p(α). The density p(z|α; h (i) ) includes mixed-measurements. For example, p(y|α; h (i) ) is considered to be equal to the Student's t density and p(x|α; h (i) ) is equal to a variety of densities; see Section 2.3. The construction of importance densities for mixed-measurement non-Gaussian time series is considered in Koopman, Lucas & Schwaab (2012) and we follow their approach. The details for the construction of g 2 (α|z; h (i) ) are given in Appendix A.
A Monte Carlo average for the integral in (15) is given bŷ
where the samples α (j) are drawn from g 2 (α|z;
Convergence ofp(z) to p(z) is guaranteed by the law of large numbers. The convergence rate depends on the variance of the ratios
for i = 1, . . . , M and j = 1, . . . , M . The variances of the sequences w
1 and w
be finite in order to guarantee a √ M convergence rate; see Geweke (1989) . For w
this must hold for each sampled path h (i) . Thus, in total for M + 1 sequences of weights the variances must exist. In our empirical applications we test for this using the extreme value based tests of Koopman et al. (2009). 4 The empirics of non-standard monetary policy in the euro area
We adopt our extended model for sovereign yields and monetary policy measurements to data from four large countries in the euro area: Germany, France, Italy and Spain. We aim to study the interaction between the country-specific yield curves and monetary policy measurements of the European Central Bank. We include a euro overnight interbank lending rate (EONIA) as a proxy of its monetary policy stance, and later also consider bond market purchases that were conducted within the Securities Market Programme (SMP) in the Italian and Spanish debt markets. 2 We consider the confidential country-level breakdown of the bond purchases in our analysis.
Data

Yield data
Our empirical study is based on data for euro area sovereign bond yields. We construct zerocoupon yields using the method discussed in Brousseau (2002) , which in turn is closely related to the Fama & Bliss (1978) procedure. We refer to Brousseau (2002) for a detailed discussion of the construction method. We construct panels of zero-coupon yields for Germany, France, Tables 1 and 2 provide descriptive statistics for the yields. For the 1, 5 and 10 year maturities we report the mean, standard deviation, skewness, kurtosis, minimum and maximum statistics. The summary statistics confirm that the yield curves tend to be upward sloping and that volatility is lower for the rates with longer time to maturity.
In the pre-crisis period all the sample moments are approximately similar for all countries.
The skewness and kurtosis statistics indicate that the yields are almost normally distributed.
During the financial crisis sample the variance increases for the 1 and 5 year maturities for all countries, while the variance for the 10 year maturity yields remains approximately unchanged. We draw two main conclusions from our inspection of the yield data. First, large withincountry differences exist in the time series properties across sub-periods for all four countries.
Both the mean and the variance of the yields clearly change over time. Second, cross-country differences are relatively small prior to the sovereign-debt crisis, and become sizeable thereafter. During the sovereign-debt crisis the yields of France and Germany approximately return to their pre-crisis properties, whereas the yields for Italy and Spain continue to increase and become even more volatile.
Monetary policy measurements: EONIA rate and asset purchases
The primary objective of the European Central Bank is to maintain price stability within the euro area. In its pursuit of price stability, it aims to maintain inflation rates below, but close to, an inflation target of 2% over the medium term. We distinguish between standard (interest rate) and non-standard monetary policy measures (such as outright government bond purchases) that are employed to achieve the primary objective.
In our empirical analysis we include the weekly average of the EONIA rate. The EONIA rate closely tracks the ECB's monetary policy rates, and is therefore useful as a proxy of its monetary policy stance. The weekly average is taken to avoid outliers that may occur when financial institutions target their respective reserve requirements. until late January 2012 (24 weeks). Clearly, the bond market purchases are non-negative, integer-valued, and often zero when the program is inactive. In our analysis we consider the average country-specific weekly amounts at par value.
Interest rate monetary policy in calm and storm
This section discusses the estimation results for the joint model for the yields and the EONIA rate. Non-standard monetary policy measures such as bond purchases are added in Section 4.3. The yields are modeled by the dynamic Nelson-Siegel model with Student's t errors and factor stochastic volatility; see equation (6). For simplicity we focus on term structure models with only two factors (level and slope). As usual, the first two factors capture almost all of the systemic variation in the yield data; see also Diebold et al. (2008) .
The EONIA rate is modeled by the log normal distribution where the log mean θ 1,t is updated jointly with the term structure factors; see Section 2.3. For this model we estimate the parameter vector ψ for the four countries and distinguish the four sample periods introduced in Section 4.1. We fix the degrees of freedom ν = 10 to allow for heavy tails in the errors. Experiments with lower degrees of freedom gave similar results. The other parameters are estimated using the simulation methods that are developed in Section 3. We use M = 100 draws from the importance densities to approximate the likelihood. For each model that we estimate we check the variance in the importance sampling weights to ensure √ M convergence for the Monte Carlo likelihood in (14).
Parameter and factor estimates
The parameter estimates that relate to matrices H and Q are shown in Tables 3 and 4. The matrices H and Q capture the lagged and contemporaneous interactions, respectively, between the term structure and monetary policy factors. In particular, the far right column and the bottom row capture the interactions between the level and slope factors and the (log mean of) the EONIA rate.
For the pre-crisis sample (the 'calm') the EONIA rate has a positive lagged effect on the level factor. This holds for all countries and the coefficients for the pre-crisis sample range between 0.06 and 0.09. The lagged interaction between the slope factor and the interbank rate is small and the contemporaneous interaction is close to zero for the pre-crisis sample.
As a result, a decrease in short term interbank rates is mainly transmitted into the term structure by lowering the level factor. Statistical significance is low, which may reflect our use of weekly data in sub-samples.
During the financial crisis the transmission of the interbank rate into the level factor is reduced for all countries. The lagged interaction coefficients become zero or even negative.
The volatility in the factors increases significantly, in particular for the slope factors. The interaction between the level and slope factors becomes significantly negative for all four countries, i.e., an increasing level factor is associated with a decreasing slope factor in this period. This may reflect the central bank's aggressive cuts of its main policy rate during this time from 4.25% to 1%, while long term sovereign yields remained at elevated levels.
During the sovereign debt crisis, pronounced cross-country differences emerge. The EO-NIA rate is negatively related to the level factor for Italy and Spain. Short term sovereign yields decrease, reflecting in part additional monetary policy rate cuts during 2012 to 0.5%, while medium and long term sovereign yields rise, probably due to growing sovereign credit risk concerns, see ECB (2014). Arguably, the very low interbank rates are not transmitted adequately along the yield curve for these two countries. This is in contrast to Germany and France, where the lagged effects of the EONIA rate on the level factor is positive for France, and only slightly negative for Germany. Table 4 : Parameter estimates for the interaction between the euro area yield curves and the interbank rate. 
Impulse response functions
This section investigates the implied dynamics of the parameter estimates in Tables 3 and 4 by computing generalized impulse response functions as suggested in Pesaran & Shin (1998) .
The impulse responses, strictly speaking, do not identify a causal relationship between the terms structure and monetary policy factors. However, they are informative when we compare the different dynamic responses across different sample periods.
Figures 5-8 show the impulse response functions that correspond to standardized shocks to the level and slope factors and the log mean of EONIA. Generally, the impulse responses are approximately similar across countries during the pre-crisis and financial crisis subsamples, and differ substantially within each country across the three sub-samples considered.
We focus our discussion mainly on the effects of an unexpected change in the log mean EONIA rate.
For the pre-crisis sample the impulse responses are approximately similar for all countries.
A positive shock to the log EONIA rate is transmitted into the level factor fairly persistently and over a long time period. Also the slope factor shows a positive response which becomes During the financial crisis the impulse responses change in direction and persistence. A positive shock to the log EONIA rate now leads to a decreasing level factor for all countries.
For France and Germany the shock eventually becomes positive, whereas for Italy and Spain it converges to zero without becoming positive. The response of the slope factor for France and Germany is initially positive but then decreases more rapidly. This suggests that an EONIA rate shock is transmitted only into the short end of the yield curve, and that its effect dies out quickly. We conclude that the financial crisis changed the statistical relationship between the EONIA rate and the term structure factors when compared to the pre-crisis period. For France, Germany and Italy the transmission appears to occur mainly via the slope factor instead of the level factor.
During the sovereign-debt crisis, differences across countries are most apparent. A positive shock to the log EONIA rate has positive effects on the level and slope factors for Table 5 : Parameter estimates for the interaction between the euro area yield curves and the monetary policy factors. The ordering in the matrices is as follows: level factor, slope factor, log mean EONIA, and log purchase intensity.
Standard and non-standard monetary policy measures
yield data from our sovereign debt crisis sub-sample from mid-2010 to December 2012.
In principle, purchase interventions can impact yields in different interrelated ways. & Schwaab (2013) . Second, purchases may also indirectly affect the relationship between proxies of the monetary policy stance such as the EONIA rate and the sovereign yield curve factors, see González-Páramo (2011) and Constâncio (2011) . This is the case, for example, if purchases were to contribute towards making interbank funding at low rates available to illiquid banks in stressed SMP countries. Non-standard monetary policies, though primarily targeted towards improving market depth and liquidity in volatile government bond markets, would then contribute towards making conventional interest rate policies more effective. Table 5 reports the parameter estimates for the H and Q matrices. The bottom left element in the Q matrix shows that the log purchasing intensity is negatively correlated with the level factor for Italy and Spain. Only the Spanish correlation is significant, however; this may reflect the fact that only in a limited number of weeks (less then 25) purchases were made in each debt market. This finding provides some tentative support that the outright purchases had a direct instantaneous effect on the level factor in Italy, and the level and slope factor in Spain. The bottom rows of the H matrices report that the lagged effects of the purchasing intensity are mean reverting for Italy and Spain. This indicates that the effect from the negative instantaneous correlation is temporary. Figure 9 plots the respective generalized impulse response functions. These response functions correspond to a standardized shock to the level factor, slope factor, log mean EONIA rate, and log purchasing intensity, respectively. The instantaneous effect of an unexpected shock to the log purchasing intensity is negative for the level factor for both Italy and Spain. For Italy the effect becomes positive quickly, however, whereas for Spain it contributes to gradually lowering the level factor. Overall, this suggests that the effects of asset purchases on the term structure factors may be quite different across countries, possibly due to differences in the public policy response to the programme.
We find mixed evidence that the asset purchase interventions changed the relationship between EONIA rates to the term structure factors. For Italy, the interaction between the EONIA rate and the term structure factors changes when the purchases are included in the model. In Table 4 , the lagged effect of the log mean of the EONIA rate on the level factor is -0.03 and not significant. When the purchases are included, the effect becomes significant with magnitude -0.24. However, this suggests that an unexpected decrease in the EONIA rate would lead to an increase in the Italian level factor. The effect on the slope factor remains positive when the purchases are included, but is not significant anymore. Such changes in the joint dynamics between the EONIA rate and the term structure factors are less strong for Spain. Comparing the third column of Figure 9 with the right columns in
Figures 5 and 8 suggests only minor differences in the transmission of the common EONIA rate into the country-specific term structure factors.
Finally, Figure 10 shows the effect of a shock to the log purchasing intensity on the yields by combining the effect on the level and slope factors using the estimated Nelson-Siegel loading matrix. We show the effect on the 1, 5 and 10 year maturity yields. 
Spain
Figure 10: Impulse responses for the yields of standardized shocks to the log purchasing intensity (2 weeks) whereas for Spain the shock remains negative for an extended number of weeks (10 weeks) and dies out more slowly. Due to a low number of observations for the SMP purchases we need to remain careful in our conclusions. We tentatively conclude that (i) the instantaneous impact of asset purchases undertaken within the SMP in Italy and Spain on the level of yields was likely negative, (ii) that the instantaneous impact is temporary, and that (iii) the persistence of the yield impact of asset purchases differs across the two countries considered in this study.
Conclusion
We have developed a nonlinear non-Gaussian modeling framework for analyzing the relationship between government bond yields and monetary policy during turbulent times. The government bond yields are modeled by an extended dynamic Nelson-Siegel model where the observations errors are modeled by the Student's t density with time-varying factor stochastic volatility. The monetary policy measurements are modeled by appropriate non-Gaussian densities that are defined conditional on a set of latent dynamic factors.
For the estimation of the joint model we have developed a simulation based estimation method that is based on the importance sampling technique. The feasibility of the method is due to the construction of conditional importance densities, which sample the term structure and monetary policy factors conditional on samples of the volatility factor.
The empirical application to euro area sovereign bond markets and the monetary policy measures of the ECB highlights the relevance and flexibility of the modeling framework.
In this context we discussed the interaction between the term structure factors on the one hand and proxies of the monetary policy stance as well as bond purchases for several large countries in the euro area.
Appendix A
In this appendix we detail the construction of the importance densities g 1 (h|z) and g 2 (α|z; h (i) ) that are needed for the evaluation of the Monte Carlo likelihood in Section 3.
Constructing g 1 (h|z)
We start with the construction of g 1 (h|z). We aim to choose g 1 (h|z) to follow a Gaussian distribution with mean equal to the mode of p(h|z) and variance equal to the curvature around the mode. To achieve this we construct two instrumental linear Gaussian models. 
which follows from linearizing the Student's t density around its mode using the first derivative; see Durbin & Koopman (2012, Section 10.8.1) . Further, c 2,t and D 2,t are found by solving ∂ log p(x t |θ t ) ∂θ t = ∂ log g(x t |f t , θ t ) ∂θ t , ∂ 2 log p(x t |θ t ) ∂θ t ∂θ t = ∂ 2 log g(x t |f t , θ t ) ∂θ t ∂θ t ,
for t = 1, . . . , T , where g(x t |f t , θ t ) has mean c 2,t + θ t and diagonal variance matrix D 2,t (see (18)) and p(x t |θ t ) is a mixture of non-Gaussian densities; see Section 2.3.
By construction, the likelihood for the approximating model (18) where a t = E g (α t |y t−1 , . . . , y 1 ) and P t = Var g (α t |y t−1 , . . . , y 1 ), which are both computed by applying the Kalman filter to model (18). We notice that h t only enters the likelihood of model (18) via D 1,t
The approximating model for the log variance h t is given bỹ z t = h t + υ t υ t ∼ N ID(0, b which can be approximated bŷ E(α|z) =
